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Abstract

The hierarchical deep-learning neural network (HiDeNN) is systematically developed through the construction of structured
deep neural networks (DNNs) in a hierarchical manner, and a special case of HiDeNN for representing Finite Element Method
(or HiDeNN-FEM in short) is established. In HIDeNN-FEM, weights and biases are functions of the nodal positions, hence
the training process in HIDeNN-FEM includes the optimization of the nodal coordinates. This is the spirit of r-adaptivity, and
it increases both the local and global accuracy of the interpolants. By fixing the number of hidden layers and increasing the
number of neurons by training the DNNSs, rh-adaptivity can be achieved, which leads to further improvement of the accuracy
for the solutions. The generalization of rational functions is achieved by the development of three fundamental building
blocks of constructing deep hierarchical neural networks. The three building blocks are linear functions, multiplication, and
inversion. With these building blocks, the class of deep learning interpolation functions are demonstrated for interpolation
theories such as Lagrange polynomials, NURBS, isogeometric, reproducing kernel particle method, and others. In HiDeNN-
FEM, enrichment functions through the multiplication of neurons is equivalent to the enrichment in standard finite element
methods, that is, generalized, extended, and partition of unity finite element methods. Numerical examples performed by
HiDeNN-FEM exhibit reduced approximation error compared with the standard FEM. Finally, an outlook for the generalized
HiDeNN to high-order continuity for multiple dimensions and topology optimizations are illustrated through the hierarchy
of the proposed DNNss.

Keywords Neural network interpolation functions - Data-driven - - and rh-adaptivity - Fundamental building block - Rational
functions (i.e. RKPM, NURBS and IGA)

1 Introduction

Machine learning is a process by which computers, when
given data, create their own knowledge by identifying pat-
terns in data [1,2]. Deep learning, being a subfield of machine
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ciples allow the approximation of highly nonlinear systems
through the optimization of the weights and biases for a pre-
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tions (PDEs) through neural networks has been explored
in several previous works [7-9], in which shallow neural
networks are studied, and fixed mesh is used for the approx-
imation. With the recent breakthrough in deep learning,
increasing attention has been paid to the development of
DNN-based solutions for the approximation of ODEs and
PDEs [10-16]. Most of these recent methodologies solve
ODEs or PDEs by randomly sampling points in the domain,
defining the loss function as the summation of residuals for
governing equations and boundary conditions, and using the
DNN for the solution approximation.

In this paper, the Hierarchical Deep-learning Neural Net-
work (HiDeNN) is systematically developed through the
construction of structured deep neural networks (DNNs) in
a hierarchical manner, and a special case, HIDeNN-FEM is
introduced. The HiDeNN-FEM aims to create a DNN that
takes in a nodal coordinate as input and produces an associ-
ated global shape function with compact support by means
of a DNN, whose weights and biases are solely based on
the nodal positions. Hence, the training process in HiDeNN-
FEM is centered around optimizing nodal positions. This is
the spirit of r-adaptivity, which not only increases the local
and global accuracy of the interpolants, but also results in
a significant reduction of training variables. By fixing the
depth of the hidden layers, rh-adaptivity can be achieved
by adding neurons based on the required accuracy within
the training process. Specifically, three building blocks are
designed and systematically combined in order to generate
interpolation functions of the finite element method (FEM)
[17,18] , splines [19], NURBS [20], isogeometric analysis
(IGA) [21-23], reproducing kernel particle method (RKPM)
[24-26], and others, making HiDeNN agnostic to the choice
of local interpolation functions. Therefore, structured DNNs
can produce different interpolation functions that use various
discretization strategies in the different regions of a simulated
part. Finally, the hierarchical assembly of structured DNNs
into one neural network allows for the approximation of a
local solution (e.g., nodal displacement) with a coordinate
on the simulated part.

In addition, the enrichment in generalized FEM [27],
extended FEM [28], and a partition of unity [29] is achieved
by multiplying the enrichment functions by the neurons in the
region of interests. This leads to the intelligent update of the
enrichment regions depending on the object’s physics. Fur-
thermore, HiDeNN-FEM utilizes physics-based functions
(e.g., principle of minimum potential energy) as the loss
function, while the boundary conditions (including both the
natural boundary conditions and necessary boundary condi-
tions) are imposed as in the standard FEM manner. Hence,
the issues of the imposition of the boundary conditions are
avoided, and a more accurate representation of the bound-
ary values is guaranteed. While the standard FEM solves the
problem by assembling a stiffness matrix in order to solve
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the differential equations, the HIDeNN-FEM solves the dif-
ferential equations by training the DNNSs, leading to more
flexibility in terms of interpolants and discretization.

The structure of this paper is summarized as follows. In
Sect. 2, we present the basics of the HIDeNN-FEM approxi-
mation including the representation of a linear shape function
and rh-adaptivity. In Sect. 3, the three building blocks for
developing DNNss for the rational functions are introduced.
The extension of HIDeNN-FEM to Lagrangian polynomials,
isogeometric analysis, RKPM, as well as enrichment are also
derived in this section. In Sect. 4, the training problem as well
as several numerical examples are provided to demonstrate
the performance of the proposed methodology. In addition,
an outlook of the performance of the HiDeNN when applied
to the multiple dimensions with high-order continuity and
topology optimization is also demonstrated by constructing
the hierarchical DNNs. Finally, the conclusion is made in
Sect. 5.

2 Basics of hierarchical deep-learning neural
network for finite element method
(HiDeNN-FEM)

In this section, the interpolation function represented by the
structured deep neural networks (DNNs) is developed. For
illustrative purposes, the one-dimensional (1D) linear shape
function is used to demonstrate basic ideas of HiDeNN-
FEM for constructing interpolation functions by weights,
biases and activation functions. Following the construction,
r-adaptivity and rh-adaptivity will be introduced in Sects. 2.1
and 2.2 to improve solution accuracy.

2.1 HiDeNN-FEM representation for 1D linear shape
function

In standard FEM, the computing domain €2 is discretized by
a set of nodal points x; € 2. For an internal node x;, the
global shape function can be formulated as the combination
of the shape function from the left side of x; and that from
the right side of x;, refer to Fig. 1, and written as:

X —X7-1
—, X[-1 = Xx =Xy,

X] — X[—1

X[4+1 — X 1
—, X] =X = X[+1, M
X141 — X

0, elsewhere,

Ni(x) =

where Nj(x) denotes the shape function at node x;, while
x7—1 and xj4 are the two neighbor points of the node x;
from the left side and right side, respectively.

In HiDeNN-FEM, the above global shape function is
rewritten in a DNN format, which consists of weights, biases,
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Fig.1 Assembly of the global
shape function at node x;
1 1 I
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1 ) 1
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X1 Xy X1 X X1-1 X Xp41 X Xi_1 Xpef
Shape function Shape function Global Shape Constant

from left side of x;

W23 — -1
2215
Xi+1 — X

(a) DNN-based 1D shape function

from right side of x;

function at x;

H"xl; =1

Wi =1

(b) DNN-based 1D interpolation function

Fig.2 Deep neural network (DNN) representation of the 1D global shape function and interpolation function

Table 1 Notation table of variables used in the DNN representation for
1D shape function in HiDeNN-FEM

do do(x) = x
A A (x) = max(0, x)
W,il’ J Weights connecting of the k™ neuron in layer i to /™

neuron in layer j of the DNN for node /

bf( I Bias of the k™ neuron in layer i of the DNN for node 7

and activation functions. Figure 2a shows the DNN repre-
sentation of the linear shape function. It includes two hidden
layers, in which the weights and biases are the functions of
nodal positions. Based on the DNN representation, the shape
function is formulated as

Ne(x; W, b, )
34 23 12 2 3
= Wit s (Wi oy (Wi, x + by ) + b7 )
34 23 12 2 3 4
+ War st (Was s (Wi px + b3 ) + b3 ) + b1

-1
=d <7&41 (=x+xp) + 1)
Xp—Xr-1

—1
+ (7&41 (x—x,)-l—l)—l, (2)
X141 — XI

where W = [Wlllz, I W1122, I W1213 I W2223 I W13f‘, I’ W2314, iz
and b = [b]27 Iz b%q Iz b?’ Iz b; Iz b?, ;] are the weights and
biases of the connected neurons. Detailed definitions of the
notations are covered in Table 1. Since the weights and biases
in the DNN are functions of nodal positions, the DNN-based

shape function can be further expressed as Nj(x; x’;, dq),
where x*; = [x7—1, X7, x741] is the vector that represents
the neighbor nodes of node x;. Once the shape function is
obtained, one more hidden layer is added for the interpola-
tion of the displacement associated with the node x;, which
can be written as

uﬁ' =WNi(x; W, b, )u; = Ny(x; x}‘, s)w;; no summation on /

-1
= dy (&41 <79ﬁ1 (—=x +x7) + 1) — 0.5) wy
X —X1—1

+do (Sﬂ] (_71&41 (x —x7)+ 1) — 0.5) wr, 3)
X141 — X]

where uﬁl and w are the interpolated displacement and nodal
displacement at node x;, d = [dy, o] are the activation
functions used for the construction of the DNN approx-
imation. Figure 2b gives the DNN representation of the
interpolation of the nodal displacement at node x;. Unlike the
standard FEM, solving the nodal displacements in HiDeNN-
FEM is equivalent to the training of the weights at the last
hidden layer.

Once the global shape function at the node x; is repre-
sented by the DNN, the DNNs for the entire discretization
are obtained by assembling all DNNs together, and then,
the problem of interest is solved by training the DNNs. The
assembled interpolation for the displacements is thus written
as
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Fig.3 Deep neural network
(DNN) representation of the 1D
global shape function and
interpolation function

X1 X2

Hidden layer 1~3-<

Xi-1 X1 X4 Xnp-1 Xnp

(a) 1D mesh of the initial nodal configuration.

Input layer

Output layer

(b) Assembly of the DNNs for the 1D mesh of np nodes

np
uwh(x) = Zﬂz(x; x7, dug,
I1=1

“

where np represents the total number of nodes within the
domain 2. Figure 3a, b illustrate a 1D mesh and its cor-
responding DNN interpolation, respectively. As is evident
from those two figures, the input of the structured DNN is
the nodal coordinates while the output is the interpolated
displacements.

Based on the architecture of the DNN representation and
solving procedure, we have the following Observations:

e Solving the differential equations in HiDeNN-FEM is
equivalent to the training of the weights at the last hidden
layer.

In HiDeNN-FEM, weights and biases are functions of the
nodal positions, hence the training process in HiDeNN-
FEM includes the optimization of the nodal positions.
This is the spirit of r-adaptivity and leads to the increase
of both the local and global accuracy of the interpolants.
The r-adaptivity is achieved through a learning process by
the structured DNN, and the knowledge is gained through
the loss function, i.e., the optimized objective function.
The loss function is designed for specific problems. In
the following numerical examples, we solve mechanical
problems by the variational principle. Thus, here the loss
function is the variational formula with respect to the
DNN interpolation.

In Fig. 4a, b, we show the change of two weights and
two biases, W1213 g W2223 Iz b% ;> and b%! 7> 18 equivalent to the
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movement of the node x;, due to update of nodal coordinate
from x; to x}. The associated changes in the DNNs are shown
in Fig. 4c, d. The training for the weights and biases in the
HiDeNN-FEM is the r-adaptivity in the standard FEM, which
is an intrinsic feature of HiDeNN-FEM.

2.2 The rh-adaptivity in HiDeNN-FEM: Adding
neurons in neuron networks

In the standard FEM, the h-refinement is achieved by adding
new nodes to the existing mesh. This is illustrated in Fig. 5a,
c, as the new node X} is added between x; and x; 1. The
region marked by dashed blue box in Fig. 5c is where the
extra node is added.

In the framework of HiDeNN-FEM, the h-refinement is
the process of adding new neurons from the input layer to
the output layer in the global DNN structure of the mesh. For
the global DNN, each new node is represented by an extra
DNN, as illustrated in Fig. 5d. The newly added DNN for
the extra node is marked by the dashed blue box. Since the
r-adpativity is an intrinsic feature of HiDeNN-FEM, adding
the h-refinement leads to rh-adaptivity for HIDeNN-FEM.

For the rh-adaptivity in HiDeNN-FEM, the following
Observations are made:

e By fixing the number of hidden layers (e.g., 3 for linear
shape functions) and increasing the number of neurons
within selected locations, rh-adaptivity can be achieved.

e The h-adaptivity in HiDeNN-FEM is achieved through
a learning process involving the training of the neural
networks and strategic adding of neurons.
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(a) Original shape function for 1D problem (b) New shape function for 1D problem with

r-adaptivity
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(¢) HiDeNN-FEM neuron network for 1D problem (d) New HiDeNN-FEM neuron network for 1D
problem with h-refinement

Fig.4 Illustration of r-adaptivity in HiDeNN-FEM

1 ke 2

RV

Xr—1 X1 Xr+1 X142

(a) Original shape function for 1D problem (b) HiDeNN-FEM neuron network for

1D problem

(¢) New shape function for 1D problem with h-

(d) New HiDeNN-FEM neuron network
for 1D problem by the h-adpativity

adaptivity

Fig.5 Illustration of h-adaptivity in HIDeNN-FEM
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Table 2 Notation table of
variables used in the elementary
blocks and rational functions

L(x;XxA,XB, YA, YB)
XA, XB

YA, VB

<

fi. f

F

oy
s
o3
A

Regular piecewise linear function

Boundaries of linear part of regular piecewise linear function
Value at the boundary of linear part of regular piecewise linear
function

Neural network block corresponding to the regular piecewise
linear function

Non-negative functions

Neural network representation for the non-negative function f (x)
Neural network multiplication building block

Neural network inversion building block

ReLU activation function defined by max (0, x)

Quadratic activation function

Inverse activation function

Weights connecting of the k™ neuron in layer i to /™" neuron in
layer j of the DNN

Bias of the k™ neuron in layer i of the DNN

e The accuracy can be improved further by including an
adaptivity criterion during the training process.

The h-refinement in the existing FEM is determined by the
error estimation, and the mesh is refined in order to obtain
convergence results. However, this process does not guaran-
tee the optimal solution. In the HiDeNN-FEM, the criterion
for the h-refinement is added into the objective function as
a multiplier term and automatically drives the refinement.
The criterion will be further elaborated on in Sect. 4. This
leads to an optimal strategy compared to the conventional
method: the mesh is automatically refined according to the
desired scheme, such as fine mesh in stress concentration,
heat source, etc. In this paper, we will show how to use the
strain magnitude to achieve automatic refinement.

3 DNN representation for rational functions

In this section, the DNN representation for the shape function
is further extended to various rational functions, includ-
ing Lagrange polynomials, B-spline, Reproducing Kernel
Particle Method (RKPM), NURBS, Isogeometric analysis
(IGA), etc. Specifically, three elementary building blocks are
introduced to construct DNNSs in a hierarchical manner and
simplify the architecture for the description.

3.1 Three elementary building blocks

The notations used in this subsection are summarized in the
Table 2.

@ Springer

Linear building block
The first building block is used to formulate the piecewise
linear function, which is defined as:

L(x;xA,XB, YA, YB)

YA, X < X4,
YB — YA
=] ———@—xa)+ya, xa <x =<xp, (5)
XB — XA
VB, X > XB,

In DNN representation, the piecewise linear function is
rewritten as:

L(X;XA,XB, YA, YB)
1
= (yp — ya)dh <——&41(—x +xp) + 1)
XB — XA

+ ya, (6)

where y4 and yp are the outputs of linear function at points
x4 and xp, respectively. Figure 6a illustrates the DNN rep-
resentation of the linear function.

The piecewise linear function is used to capture the local
property of the shape function. For instance, when x4 =
Xj—1,xg = x1, ¥4 = 0, yp = 1, the piecewise linear func-
tion becomes the left part of the linear shape function in Eq.
(1). The right side of the shape function can be obtained fol-
lowing a similar rule.

Multiplication building block

The second building block is used to achieve multiplica-
tion in a DNN. The product of any two non-negative functions
f1 and f> is defined as

fi =5 (G =2 - 12). ™
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Fig.6 Regular piecewise linear y
function and corresponding —— L(x;X4,XB,YA,YB)
linear building block YB f---
by =xp by=1 by =7y,
O —(——@
-1
YA Waj==1 e W3 =yg=Ya
| X T —
i i Linear building block: VB —Ya
XA XB L0 %0 X5 Yar Vi) L: —xs - (x—x0) +uy

(a) Regular piecewise linear function

Hidden Layer k

Multiplication building block:
M(Fy,F>)

Fig.7 DNN representation of multiplication building block

In a neural network form, the multiplication can be rewritten
by using the activation function as

1 1
M(F1, F2) = 5842(‘37‘1 + %) — 5912(@1)
1
—5912(%), (®)

where f1 and f> are two arbitrary non-negative functions,
F1, Fo are the corresponding DNN representations, and s
denotes the activation function which is defined as

2
x“, x>0,
&42_{0, x < 0. ®)

Figure 7 illustrates the DNN of the multiplication building
block. The inputs are F; and %, and the output is F; - F».
The symbol is used to represent the multiplication in a
DNN and is defined at the bottom of Fig. 7.

Inversion building block

The third building block is to construct the inversion of a
given positive function. The inversion block can be used to
represent the inversion of a function, as well as performing
the division operation (e.g., a + b is equivalent to a X %).

(b) Linear building block

Hidden Layer k

W(k—1),(k+1) -1

11
| @

1
k,(k+1) _
Wy =

8

=1/8

>D

Fig.8 Neural network representation of inversion building block

Inversion building block:
V(?I!TZ)

First, an activation function &3 is introduced:

v

1
ds=1 7 *zh (10)
1, x < 1.

<

The inversion of a positive function f, (f> > é > 0) can
thus be expressed as

1 1
— = g%(gfz). (11)

In this work, the inversion building block is defined as the
multiplication of a non-negative function f; with the inver-
sion of the other positive function f> (f> > § > 0). It can be
formulated in the DNN form as

1 1
V(F1, %) =M (97*1, 3913(3%)) , 12)

where F| and %, denote the DNN representation of the func-
tions f1 and f,. The DNN representation of the inversion
building block is presented in Fig. 8. The boxed symbol
is used for the representation in the construction.
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: ! X X i ' X
Xi X127 X+ X X2 X4 X7 X120 X
(x—x,_1)(x—x141) (x—x)(x—x 1)
p=2 _ +3 * p=2 (x —x)(x — xp41) p=2 . ! I+3
)= v 1(x) = Ui () =
(XI_XH_%)(XI_XHI) I+3 (le—x,)(le—x,H) (141 = x) (X141 —ng)
2 2 2

Fig.9 Quadratic shape functions in the element [x;, x;41]

3.2 DNN representation for the pth order Lagrange
shape functions

In this subsection, the three elementary building blocks are
utilized to formulate the p'”* order Lagrange shape functions.
By using the linear and multiplication building blocks, the
quadratic functions (p = 2) are able to be constructed. Fig-
ure 9 presents the three second order Lagrange polynomials
between the interval [ x;, x;41], where €f (x) denotes the
p'" order Lagrange functions at the nodal point x;.

Hence, the three quadratic shape functions at three nodes
x,,x1+%,x1+1 can be written as:

NP0 = 677200, N TH0) = €777 ),

NPT = €700, (13)

where N/ =2(x), N Ipf%z (x), N 117:12 (x) represent the shape

functions at the three coordinates in Fig. 9, respectively.
Taking N Ip +=12/2 (x) as an example, the DNN representation

is expressed by using the linear and multiplication building

blocks as

p=2 1
N1+1/2 ==
(1412 —xDxr41/2 — X141)
ML (x5 xp, x141, 0, X741 — x7),
L(x;xp, X141, X141 — X1, 0)), (14)
where N 113:2/2 is the DNN form of N fflzp(x), M and &

are the multiplication building block and the linear function
building block, respectively. Figure 10 shows the compact
DNN structure of ¥ Ipffﬂ. The part in the blue dashed box is
the linear block of (x — x) while the part in the red dashed
box is the linear block of (x;+; — x). Through the multipli-
cation building block performed on the two linear blocks, the
DNN representation for N 1’3:2/2 is obtained. Figure 11 gives
the interpolation for displacements with detailed DNNs at

Xy 1 It can be concluded that the introduction of the build-
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Fig. 10 Compact DNN representation of the quadratic shape function
atpoint x; !

ing block significantly simplifies the representation of the
shape function, and thus the architecture of the DNNs.

Following the same process, the quadratic shape function
at points x; and x4 is expressed as

p=2
‘NI

1
=— ML X xp, X741, 0, X741 — Xx7),
(xp = x741/2)(cf — X741) ( + *

L5 X7, X141, X141 — X7, 0))

X[ —X[41/2
- L xp, xpg1, X1 —x7,0) (15)
(xp —xr41/2)(cp — X741) A

and

p=2
N

1

(X741 = x) (X741 — X141/2)
MAL (x5 x1, X141, 0, X741 — X1),

L(x;x1, X141, 0, X741 — X))

X| = X[41)2
(X741 = x) (X741 — X141/2)
L xp, xr41, 0, X741 — x7). (16)

p'" order Lagrange polynomials
For p'"th order Lagrange shape functions, there are p + 1
nodes in the interval [x7, x741], denoted by x7, x741/p, - -+,
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11,I+l

1
12,I+E

% - xl)(xH_% - x1+1)

Fig. 11 Detailed DNN interpolation for the quadratic interpolation function at point x; !

Fig. 12 Recursive way to
construct the power function
P (x, p) by the DNN

(x —x)?t

X[+4(p—1)/p» X1+1. All shape functions are p’ " order Lagrange
functions, i.e.,

P _ Hf:o,k;eq (X = X1+4k/p) — 01
1+q/p(x)_ 12 (x _ g =Y, L pe
k=0,kq XI+q/p = XI+k/p)

A7)
These p'" order Lagrange functions can be rewritten as
lf—kq/p =ap(x — xp)? +ap_1(x — xl)p”
+oarx —x)! + ao, (18)

where ay, (k = 0, 1, --- , p) are the coefficients, which are
the functions of the nodal positions

X = (X1 X1 ps X142/ps -+ s XDk (p=1)/ps XT+1]-

For the p'* order Lagrange function, the DNN represen-
tation involves two steps:

(1) Constructing the DNN representation of power func-
tions P (x, p) according to the recursive rule (refer to

(x —xpP &
Qo
x — x;)P7L
0 C ) R G
(X - xl)l a;

Fig. 13 Summation of power functions for the p' order polynomials

Fig. 12):

x—xp) P, 1) =L x,x141,0, x741 —x7); (19)
(x —xDX P, k) = M(P(x, k — 1), P(x, 1), k > 2.
(20)

(2) Summing up the power functions & (x, k) with coef-
ficients ax (x*) as shown in Fig. 13.
By introducing the nodal variable w4/, the p'" order

p

DNN Lagrange interpolation function N1+q/pu1+q/p isillus-
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Fig. 14 Nodal interpolation of the p™ order polynomials

trated in Fig. 14. Obviously, 1[; a/p"1+a/p is determined by
the (p + 1) nodal positions and the three activation functions
A = [do, dy, da].

3.3 DNN representation for B-spline and NURBS
basis functions

The B-spline functions as a class of polynomial shape func-
tions [21] are often used in isogeometric analysis. In 1D, p*"
order B-spline basis functions B;’ (x) are constructed by the
following knot vector k, in the computed domain Q2 = [a, b],

- Xpgpit = b1T, 21)

where x; is called as a knot. The initial B-spline basis func-
tion B? (x) is a characteristic function

1, xy <x < x141,

0 _
Br(x) = {O, otherwise. (22)

We start construction of the DNN from the linear B-spline
basis function:

X — X X — X
Bj(x) = — L BY(x)+ —2—"_B) |
X[41 — XI X[42 — X[+1
= L(x;x71,x741,0, 1) + L(x; X741, X742, 1,0) — 1.

(23)

B } is used to denote the corresponding DNN representation
of B} (x), while %f p € Nis used for the p"*th order B-
spline basis function.

For p € N, the p" order B-spline basis functions are
derived based on the Cox-de Boor formula
X

— X] -1
——— BV () +
Xi+p — XI

X[+p+1 — X
XI+p+1 — X141

p—1
BI—H :

(24)

Bf(x) =

By using linear and multiplication building blocks, Eq. (24)
is expressed in the DNN form as

B (x) = M(L(x; x1, %14, 0, 1), B~ (x))

FAU(L O X1, X 4pet, 1,0), BE D). (25)
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DNN substructure for B} (x) B} (x)

B

X=X
£
Xi42 — X1 @
1
DNN substructure for B, (x) Bl (%)
Bly1(x) 7 Xppzi— X

Xr+3 — X141

Fig. 15 DNN representation for quadratic B-spline function

Note that the B-spline basis function B f (x) is non-negative
and has a compact support x € [x7, X;4p+1]. S0, we can use
the multiplication block /i, and set linear block &£ accord-
ingly.
For instance, the second order B-spline basis function
P=2, .
B; 7 (x) is expressed by:

=2 —X] =1
B]™ (x) = ———BI'" (x)
X142 — X1
X[43 — X =1
+——————B[ (1), (26)
XI4+3 — X141

and the correponding DNN representation is:

B2 () = M (Lxi 1, x042,0, 1), B) )

R 2RI ITE R ROK: Viwl BeY)

Figure 15 presents the detailed DNN structure for 973;7 :2(x).
Blue box is the linear block & (x; x7, x742, 0, 1), multiplied
by the DNN substructure of 9735’ =! And the red box is
L (x; X141, X143, 1, 0), multiplied by the substructure %ffll .
Their combination becomes the second order B-spline basis
function %7 =2

By definition, a set of the B-spline basis functions forms
the partition of unity

> Bl (x)=1. (28)
I=1

The NURBS basis functions are weighted generaliza-
tions of B-spline basis functions [21,23]. In particular, a 1D
NURBS basis function reads:

p
R} (x) = M, (29)

Z Bf(x)w/
J=1

where w; are the weights.
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Fig. 16 DNN representation for
p™ order NURBS function

By

Any non-negative rational function Rf (x) can be repre-
sented by using the inversion building block to combine two
n

polynomial functions BY (x)w; and Z Bl (x)wy, ie.,
J=1

RY (x) =V (B (Dwr, Y B (x)wy) (30)
J=1

The DNN representation of the NURBS functions is shown
in Fig. 16.

3.4 DNN representation for RKPM basis function

Considering the meshfree shape functions formulated in a
domain 2 with np nodes x;, 1 = 1,2,---,np. A kernel
function ¢ (x* — x) is centered at point x*, with a compact
influence or support domain measured by a support size s.

The meshfree basis function ®;(x) is formulated based
on the reproducing kernel approximation theory [24] given
by

®;(x) = pT ()M~ p(0)¢ (s — ), (31)
where p(x) is the power order basis vector and is defined as
p(x):[lvxv-xzv"' ,x[?]T’ (32)

and the moment matrix is defined as

np

Mx) =" p)p” (x)p(x; — x). (33)
1=1

The reproducing basis functions &;(x), I = 1,2, --- ,np

defined in Eq. (31) satisfy the reproducing conditions:

np
D @/@)per) = px). (34)

=1

DNN substructure for BY (x)

Hidden Layer k

. P
B? &K _ g, Numerator B; (x)w;

(k=1\Nk _
I/1'11,1 =W A

p
BI v R?

(k-1)k _
W2 =wixya4,

~

B} . g
2 Wk Denominator 3/_, B/ (x)w,

n,2 = Wn

Now we include the zeroth order case corresponding to
the partition of unity:

np
ZCDI(x) =1. (35)
I1=1

The analytical expression of Eq. (31) [30] is

i<ty <ty <oty <np Hittyody s 1 Higtyty . p @1y 1y -+ b1, b1

D, (x) =
2
Dotzty <ty <oty znp Hiiiy-1,)° 101, - - i,

(36)

Here, we denote ¢ = ¢y (x; — x),

Hyyedy 11
=det ([p(x1), pOiy), -+, pu,_ ), pxp)]), (37
Hyby1,-1p
=det ([p(x). pCxi,). -+ . p(xi,_ ). p(¥)]) (38)
Hyyed, 41,

= det ([p(x)). P, -+, pCa,_ ). pOa)]) . (39)

Notice that Hj,p,...;, ,p and kernel functions are func-
tions of input variable x. Hytye1, 1 and Hypy..1, are the
coefficients, which are functions of nodal positions x* =
[Xty5 Xty 0 X1, X1 ]

In this work, we take non-negative bounded polynomial
functions as the kernel function represented by the DNNs.
The vector p(x) and moment matrix M (x) are also polyno-
mials. Combining the inversion operator, the RKPM basis
function can be represented accordingly.

For example, for an equidistant partition of domain €2 and
a support size s = 4h with the grid size h, Fig. 17 gives a
kernel function

o1 5] =3[ s

in the support domain [—24, 2h]. We only consider the linear
basis vector

p(x) =11 x]". (41)
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Support size s = 4h

Fig. 17 An example of kernel function: ¢ (x) = |%|3 -3 |%|2 +4

The right part of basis functions associated with node x; are

;(x) = pl M~ () p)(x; — x)
1+2
> G —x) = x)dkds
k=I—-1
1+1 142
D> Gk —x) ey
k=I—11=k+1
D G = x) & = X
k=1
1+2 [+3 ’
YD G —x) e
k=I l=k+1
0, X € (X742, +00).

(42)

s X € [xp, xr41]

X € (xp41,X7421,

The left part is obtained in the same way.
The reproducing functions are rational, and the corre-
sponding DNN representations are given by

cV((XI —lel)/%(ff(x; X[y X[415 X1 — X[—1, X[+] —x171),¢>171¢1>
+ (X741 —XI)M<55(X;X1,XI+1,X1+1 —X1,0),¢1+1¢1)

+ (X742 — xl)/ﬂ<gf(x; X[y X[415 X142 — X[, X[42 — X[+41), ¢1+2¢1>,

I+1  I+42

Y —x1)2¢k¢1>,

k=I—11=k+1

(43)

X € [x7, x141]

and

°I/<(x1+2 — x,)/ﬂl(&/’(x; X415 X142, X142 — X141, 0), ¢1+2¢1>

+(xr43 — xl)/%<§lf(X; X115 X142, X[43 — X[4+1, X143 — X[42), ¢1+3¢1>,

I+2 143

DY *x1)2¢7k¢1>

k=1 l=k+1
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JI/((XIH - X1)/%<5£(X; X141, X142, 0, X742 — X741), ¢>1+1¢>1)‘

I+2 143

Z Z (X —X1)2¢k¢1>,

k=1 l=k+1

(44)

X € (X141, X142]

Figure 18 shows the curve of ®;(x) and the corresponding
DNN representation of the part in sub-interval [x7, x741].

It is shown that if taking the support size of kernel shape
functions as s = h and the basis vector as p(x) = [1, x]7.
It is actually the same as the linear global shape function
NP=(x) in Sect. 2.1,

3.5 DNN representation for three-dimensional
RKPM

The three-dimensional RKPM can also be constructed to
solve problems, i.e. in Q@ = [Xnin, Xmax] X Vmin> Ymax] X
[Zmin> Zmax] With np unstructured nodes x1, X2, -, Xpp.
Taking the basis vector as

px)=[lxyz]", (45)
the kernel function associated with the node x; is
b1 =¢1(x —x1,y —yr,2—21). (46)

Following Liu et al. [24], the meshfree shape function
associated with the node x takes the following form

®/(x) = p M )p()Pr I = 1.2, np, (47)
where the moment matrix M (x) is
np
Mx)=Y px)p" (x)¢s. (48)
J=1
The corresponding analytical expression [30] is
O (x) = 21511 <ly<l3<np Hy o131 Hiy ol p Oty 1 13 81
det(M)
_ D1ty <ty <ty <np Hnis 1 Hiols p1, 61,6151 49)

= 5 ,
Zlgll <l <l3<ly<np (H11121314) ¢ll ¢lz ¢13 ¢l4
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L:x—x;_4
M
b1-19;
L:ixp4—x
06 1+1
M
X br+19:
04F
3
e L: Xp4p — X
02 M
Dri201
0 . .
X X X X X
1-2 11 1 1+1 142 2
. : i ‘ Z(xXe — x1)"Pr Py
(3) RKPM basis function ®;(x) (b) Part of neural network representation

Fig. 18 RKPM basis function ®;(x) and the corresponding neural network representation in the element [x;, x;41]

where we denote

1 1 11
X1, Xlp X13 XT
i Y Yiz VI
2y 2y Ty U

Hj o151 = det

1 1 11
L:(x— i
Hi p15p = det Xy Xl X3 X o) ’
1hlzp — ’
yll ylZ yl3 y L: (y_ymiu)
L2l 2 23 2
1101 1 L:(Z = Zmin)

Xy Xl Xl3 Xy
iy Vi Vi3 Yy
L2l Ry 2z 2y

Hi, 15151, = det

(50) |

det(M)

Fig. 19 Ilustration for &;(x) with only one term

Note that Hy, 1,1, » and kernel functions ¢y (I = 1,2, - -+, np)  Hnbisi Hiiots p1 @ 13 ¢1 in the numerator
are the functions of variables x, y, z. Hj,1,131 and Hy, 41, are
the coefficients determined by nodal positions.

The development of deep learning involves two steps. The
first step is to rewrite Hy,,/;p as a linear combination of non-
negative terms in order to apply the multiplication building
block,

2
(Hyyt51514)

Hl1lzl3p =ap + ai (X - Xmin)

+ax(y — ymin) +a3(z — Zmin), X € Q. (@28 Fig.20 Tllustration for one term (Hy,1,151,)>B1, $1, B1 ¢1, in the denom-
inator of ®;(x)

Here, ag, a;, az, az are all the functions of nodal coor-
dinates. The second step is to construct the neural network

using three building blocks. The box with “det(M)” in Fig. 19 represents the substruc-
Figure 19 illustrates ®;(x) with only one term in the ture of the denominator. Figure 20 illustrates one term in the
numerator denominator

Hi 131 Hy b p @1, P, G101
Pr(x) = —= (;;(;”)1 2= (52)  (Hiyis1)* 1,61 15 1, - (53)
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(a) Original HiDeNN-FEM neuron network for
1D problem

Fig.21 Illustration of enrichment in HIDeNN-FEM

3.6 Partition of unity for the enrichment by
HiDeNN-FEM

The partition of unity method (PUM) has been widely
accepted in FEM or meshfree method for solving the PDEs
with non-smooth solutions (i.e. discontinuities, singularities,
high gradient, etc.). The primary goal of the PUM is to extend
the standard approximation space to the problems of inter-
est by using previously established enrichment functions. In
HiDeNN-FEM, the PUM can be formulated as

np Q
w'(x) =" Ny (x: Wb, A)al, (54)

I J

where w/(x) is the globally approximated solution by
the proposed HiDeNN-FEM, the subscripts 7 is the nodal
index, N7 denotes the DNN shape function at node I,
Yy(x; W, b, A) denotes the enrichment function, which
incorporates the prior knowledge into the approximation
space. In the HiDeNN-FEM, the enrichment function is con-
structed by the DNNs, in which W, b and A represent the
matrix of weights, matrix of biases and activation functions
used for the construction of enrichment functions. a5 repre-
sents the additional unknowns added by the enrichment on
node /. J and Q are the indices of enrichment functions and
the total number of enrichments applied at the node 7. In Eq.
(54), the functions WN; (x) build a partition of unity

np
ZN, (x) = 1. (55)
1

@ Springer

©e—@® © © © © @
@ Enriched node
X
AN
. 1
1 1
1 ]
I i
Ol O ol
: i
1 1
I i
: 1
M E M M : M
1 |

AP A

(b) New HiDeNN-FEM neuron network for 1D

problem with enrichments

Figure 21 presents DNNs of HIDeNN-FEM before and after
enrichments for a 1D problem. It is evident that, in HIDeNN-
FEM, the enrichment is achieved by using the multiplication
building block to multiply the DNNs of enrichment functions
with the nodal DNN. Specifically, the bottom right corner of
Fig. 21 illustrates the enrichment for nodal / with Q number
of enrichment functions y¥; (x; W, b, A).

Based on the construction of the enrichment in HiDeNN-
FEM, we have the following Observations:

e InHiDeNN-FEM, building an enrichment function through
the multiplication of neurons is equivalent to the enrich-
ment in standard finite element method, such as GFEM,
XFEM, PUFEM, etc.

e The multilevel of enrichments can be achieved by
expanding the substructure of the neural network for each
node.

e The enrichment could be achieved by a learning process
and combined with r and h-adaptivity to obtain better
performance.

3.7 DNN representation for two-dimensional and
three-dimensional element shape functions of
HiDeNN-FEM

We construct 2D and 3D interpolations based on elements
for HiDeNN-FEM. Note the 4-node element in the two-
dimensional case as shown in Fig. 22. x{ = (x, y{), k =
1,2, 3,4 denotes the physical coordinates of 4 nodes of
the element. Considering the DNN structure with (x, y) as
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-5 —y3)

Wi, = 1T X —xDOE — ¥E) — O0F — ¥ (xE —xF) (x3,¥3) (x3,¥5)
2 3
e £ N 1
(x5 = 2D =y < 5 —y)(xf —x (x2,9%) (xS, y¢)
-y (xef — x5)
N y)

(x5 —x5)

Fig.22 DNN representation for 2D element shape function N{ (x, y). The

inputs, we construct the DNN representation of the follow-
ing bi-linear element shape functions in physical coordinates
directly,

(x5 —x5)(y —y35) — (¥ — ¥ (x —x5)

LTS =)0 — v - 05 -y

2D element shape function
)(xf —x5)

input is physical coordinates (x, y)

As displayed in Fig. 22, we construct the DNN repre-
sentation of N f (x, y), the product of two linear functions
with respect to x and y, by using the multiplication building
blocks, i.e.,

NfGr,y) =
1 (x§ - x;)()’f - )’5) - (y§ - y;)(xf - xg) ‘A[IE(X’ y; xe,*’ &1)
(5 =X =y — 05 — yPx — xf) B ﬂ(d <<x§ —x§)sdo(y — ¥§) — (v — yHsdo(x — xg))
(5 = xDOT = ¥§) — (05 = yDOT —x§)’ TG a0 ) — 05 — el -5 )
(x5 = x) (0 — ¥§) = (6§ — ¥ (x — x5) ¢ — ¥)slo(y — 3%) — (% — ¥slo(x — x5
NGy = T e (S0 S S ) ()
4 — X300 73 4 = V3)HXp — A3 3 7 X0 TV — 03 T Y T Xy
(g —xDO —y) — (g — ¥y —x7)
( e4_ e;( e _ i) — i_ l)( e le), which is the function of nodal positions x** = [x§, x5,
X = XD O2 — ) — O3 =y — X x¢, x¢].
NEG, y) = (] —x) (v —yy) — Of — ¥y (x — x5) The other three element shape functions are constructed
(xf = x5 —y9) — O =y (x5 — xf) in the same manner. The summation of these shape func-
(xf = x5 —y5) — Of = y5)(x — x5) tions, with nodal displacements as the weights of the last
(xf — X;)(yg — yS) — (yf — yS)(xg — xi)’ layer, becomes the interpolation in this element, as illus-
(0 = x) (= ¥9) — (5 — ¥ (x — x9) trated in Fig. 23. Once the shape functions in each element
Ni(x,y) = - PNV " P V) z are represented by the DNN, the whole DNN interpolation of
(x5 —x)D g — ) — 3 — ¥y —x7) . . . .
. . . p . . HiDeNN-FEM is obtained by assembling all DNNs together.
()52 _ )23) (z —Y z) — 0 2 Y i)(xe_ x3e . Following a similar process, we can construct the DNN
(x5 = x3) (g — ¥3) — (g = y3) (g — x3) representation for 3D element shape functions. The tri-linear
(56)  element shape function associated with the first node of an
8-node element is
NG, y.2) = (x — x9) (3525 — 25V) + (v — ¥ (Z5Xg — X525) + (z — 29) (X5 Vg — Y5X5)
1 s Vs -

X[ (535 — 25¥%) + 31 (G3xg — X3%9) + T (355 —

¥5%9)

o & — X9 (9536 — Z¥e) + (v — ¥7) (Zgg — X5Ze) + (2 — 29) (K3 — F§X0)
X (F3Z6 — Z¥e) + 1 (Zg¥ — X3Zo) + T (¥ — Vg ¥e)
o &~ x)(625 — Z6¥3) + (v — ) (E6X5 — X6Z3) + (2 — 29) (V5 — Ve ¥3)

XE(FEZ§ — Z67%) + F¢(FEFS — RE25) + T§(REFS — FEx5)

(58)
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y 6
8-node element

Fig. 24 Tllustration for 3D element shape function W (x, y, z). The
input is 3D physical coordinates (x, y, z)

with X7 = x{ — x5, 57 = yf — ¥5.%f = z; — 25.k =
1,3,6,8. x{ = (x{, y;,2;) as the coordinates of the k-th
node of the element. The corresponding DNN representation
of N{(x,y,z)is

‘Nle('xv y’ Z; xe’*v m)

HiDeNN-FEM framework. For illustrative purposes, 1D
examples are used to investigate the convergence rate of
HiDeNN-FEM (with inherent r-adaptivity), and examine the
behavior of the rh-adaptivity of the HiDeNN-FEM by com-
paring it with the standard FEM. Specially, a 2D example is
employed to further illustrate the capability of the HiDeNN-
FEM for capturing the stress concentration by comparing
it with the fine mesh from commercial software, such as
Abaqus.

4.1 Problem statement

For illustrative purposes, a simple 1D example is presented
here: consider a rod fixed at both ends under body force b(x),
ie.

d d
L AEEYY £ b(x) = 0, x € [0, 10]; (60)
dx dx
and Dirichlet boundary conditions
w(0) =0, uw(10) = 0. (61)

Here, w (x) is the displacement field, E is the stiffness of the
rod, A is the section area and b(x) is the body force.

Following the works of [17,18], a test function of v is
multiplied on both sides of the Eq. (60) and integrated over
the domain €2,

- m(xu(wo(d‘)(x

— x§) (525 — 2555) + sho(y — ¥9) (B55§ — F§Z5) + so(z — 25) (¥§ 5§ — §§i§>)
(3525 — B355) + 31 (B35 — ¥3Zp) + T (K535 — I3X) ’

o (Sﬂo(x — x9) (F§Z6 — 2556) + sho(y — ¥9) (Bg¥E — F5ZQ) + so(z — 29) (¥§Fg — ygig)»
0 ~¢ ~e~ e~ ~¢ ~e¢ e ~e~ ~¢ ~e~ ~e~e s
X (F5%6 — ) + 31 (RgXg — ¥520) + Z1 (X535 — s xe)

e e

do

secse

~e~e

X7 (V625 — Z6¥5) + Vi (26X5

(&10()6 — X9)(FEZ§ — 2659 + dAo(y — Y9 (FEFS — X825 + ddo(z — 25) (FEFS — iéi:?)))

(59)

~¢ ~

— X6%3) + 21 (6 Y5 — J6X3)

as illustrated in Fig. 24. Notice that the input is the 3D
physical coordinates (x, y, z), and the DNN element shape
function N (x, y, z; x**, &) is the function of nodal posi-
tions x** = [x{, x5, --- , xg].

4 Numerical examples

In this section, several numerical examples are conducted
to demonstrate the superior performance of the proposed
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d d
f " (— (AE%) +b(x)> dx =0 Vo witho =0onT,
Q

dx X
(62)
The associated weak form is given as

d d
—uAE—vdx — / b(x)vdx =0 VYvwithv=00nTy
Q dx dx Q
(63)
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mﬂp The body force is intensively designed as
20y _ 2 _ 20, 2
E =175 by = X =25 —2m Bn(x —75)
en’()c—2.5)2 e”(x—7-5)2
(66)

Fig.25 1D numerical model for convergence study

After some organization, the equation, J(w), was rewritten
in minimum potential energy as

J(w) = %/QAE(%)de—/Qub(x)dx Yu e U,
(64)

where U is all the admissible displacement field. Find-
ing minimum J(w) gives the local displacement field. In
HiDeNN-FEM, this process is formulated as an optimiza-
tion problem as follows:

find UJ[,.X';<
min J(w) = /—AE—dx—/ wbdx
Q
np
where w” = ZN(W, b, x, dyu; = Zﬂ(x*;,x, d)yw;
1=1 1=1
np
and Y WN(xj,x.d) = 1. (65)
=1

The gradient descent method is applied to iteratively min-
imize J(w) and solve for the local displacement field. Note
that in the training procedure, the gradient of the objective
function with respect to the variables (i.e. nodal coordinates
and nodal displacements) is used to determine the update
direction of the variables. The magnitude of the variables are
computed by w41 = Uy + Vu % anday | = o, + Vo %
iteratively, where 7 is the iteration number in the training, y,,
and y,+ denote the learning rate for training and are deter-
mined by an optimizer, such as Adams [31].

4.2 Convergence study of HiDeNN-FEM

The convergence of the proposed HiDeNN-FEM method is
first studied and compared with the results obtained by stan-
dard FEM. The 1D example given in Fig. 25 is used as the
objective for the investigation. The cross section of the bar
is set to be A = 1, while the Young’s modulus is defined as
E = 175. For solving the optimization problem, np nodes are
used to uniformly discretize the bar, and nodal coordinates
serve as the initial positions for the r-adaptivity.

Substituting Eq. (66) into the governing equation of the 1D
linear elasticity problem in Eq. (60) and coupling with the
fixed boundary conditions, one can obtain the analytical solu-
tion for the displacement and its derivative as

1
u(x) = E(e*”(x*lf’)z _ 6257
2 ax-T5? 56257y M
+ (e e ) x.
AE 10AE
(67)
d 2
é = E( nefn(x 2.5)2 (x —2.5))
e T (75— 0BT — 70T
AE ' 10AE
(68)

Figure 26 shows the analytical solution and the deriva-
tives for the given body force. It can be seen that there are
two peaks of different heights in the displacement and four
peaks in the corresponding derivatives. The aim is to explore
the performance of the proposed method for problems of
multiple derivative peaks.

To study the convergence rate, the 1D bar is uniformly
discretized by 23, 45, 89, 177, and 353 nodes, respectively.
The program is developed in MATLAB R2019b, and the
machine error is 2.2204 x 1076, The L, norm error and
the H! error, defined as follows, are used to estimate the
convergence rate:

(69)

=lu—-u

wy L _ Ugle —uh)dn)3
lpp=—"""—""7—
(fo@?)dx)2
(fo = w)2dx + [ (4 — duly2q)3
(fo@?)dx + [o(24)2dx)2

[lellr2

h
llellgt = llu — w1 =

(70)

where u and w” represent the exact displacement and the
numerical displacement, respectively. The results of the L,
norm error and the H! norm error are plotted in Fig. 27. To
further quantify the convergence rate, the slopes and inter-
cepts of the convergence curve are computed and compared
with the results from the standard FEM. Tables 3 and 4 tab-
ulate the slopes and intercepts of the four piecewise lines for
L, norm error and H' norm error, respectively.

The following observations can be made based on the
results:
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Fig.26 1D numerical model for convergence study, a displacement b derivative of displacement, ¢ body force
Fig.27 Error estimation. a Ly 8 10°
. —6—FEM/HiDeNN-FEM —o—FEM/HiDeNN-FEM
norm error comparison, b H' < ]
P 107" | ——r-HiDeNN-FEM ; —o—r-HiDeNN-FEM

norm error comparison

=
= ®
10"
107
Ax Ax
(@) (b)
Table 3 Convergence rate of L, error estimation, log(|le||r,) ~ Table 4 Convergence rate of H ! error estimation, log(||e]| Hl) ~
log(C) + klog(Ax) log(C) + klog(Ax)
Refinement FEM/HiDeNN-FEM r-HiDeNN-FEM Refinement FEM/HiDeNN-FEM r-HiDeNN-FEM
Slope Intercept Slope Intercept Slope Intercept Slope Intercept
1 1.83 —0.372 1.94 —0.382 1 1.054 —0.023 1.134 0.167
2 1.95 —0.181 2.44 —0.362 2 1.019 —0.074 1.080 0.087
3 1.97 —0.127 1.83 —1.692 3 1.005 —0.104 1.039 —0.002
4 1.96 —0.194 1.91 —0.774 4 1.001 —0.116 1.008 —0.092
e When the nodal positions are fixed, FEM and HiDeNN- Figure 28 illustrates the derivative of the displacement
FEM have the same convergence rate and accuracy. with 23 nodes. It can be observed that by learning the position
e Foragiven number of nodes, the -HiDeNN-FEM ismore  of the nodes, the r-HiDeNN-FEM is able to move the nodes
accurate than the standard FEM for the nodal displace-  to the regions with large derivatives and capture the peaks of
ments. the derivatives. This implies that the HIDeNN-FEM can learn
e The displacement accuracy is improved by r-HiDeNN-  the loading conditions and intelligently adjust the nodes to
FEM as the nodes are uniformly refined. achieve better performance.

e The normalized H' norm error of the r-HiDeNN-FEM
converges to that by the standard FEM/HiDeNN-FEM 4.3 rh-adaptivity by HiDeNN-FEM
when the nodes are uniformly refined.

In this case, the rh-adaptivity by HiDeNN-FEM is investi-
gated. The 1D numerical example used in the previous case
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du/dx
o

-0.005

-0.01

- - --Exact solution
0015/ g FEM/HIDeNN-FEM
—4—r-HiDeNN-FEM

. . . . . L
0 1 2 3 4 5 6 7 8 9 10
Nodal position

Fig.28 Derivative of the displacement

is also used in the study of the rh-adaptivity, and the nodal
number is set to 23. In HiDeNN-FEM, the rh-adaptivity is
achieved by learning the objective J (w ), adding the neurons
to the regions based on the back propagation, and moving
the nodes to the regions through the derivatives of the loss
function with respect to the nodal positions. This is because
rh-adaptivity can be treated separately in the HIDeNN-FEM.
The h-adaptivity in HIDeNN-FEM is achieved by adding
neurons based on the nodal movement computed by the gra-
dients of the loss function with respect to the nodal positions.
For instance, if two neighbor nodes are moved close to each
other, which implies that more degrees of freedom should
be used between these two nodes, HiDeNN-FEM will add
more neurons in this region and vice versa. Along with the
movement of the nodes, another criterion is the gradient of
the movement. We only add neurons to the region with fastest
moving nodes. To avoid the inversion of the neighbor nodes,
the minimum distance between the two neighbor nodes is
constrained to 1/8 of the initial distance of the uniform dis-
tribution.

The updated optimization process for rh-adaptivity is
given as follows,

find U/I,U/K x,,

min J(w) = = /—AE—dx—[ wbdx
Q

nh
where w" = Z./\f(x,,x, uy + Z N(Xg, x, )k
I=1 K=1

nh

and ZJV(x,,x )+ N (EFg.x. o) =1 (71)
1=1 K=1

with nh new nodes X% added in the DNN interpolation.

For rh-adaptivity, the nodes are moved based on the iter-
ative learning until the loss function converges. For the
purpose of comparison, the h-adaptivity only adds nodes
to the domain based on the learning process, while the rh-
adaptivity adds and moves nodes simultaneously.

0.015

0.01

0.005 |-

du/dx
o

-0.005 |-

-0.01

- - -Exact solution
—o—h-HiDeNN-FEM
.0.015 -|—#—rh-HiDeNN-FEM
O Added points
O Added points

Nodal position

Fig. 29 Derivative of the displacement by rh-adaptivity through
HiDeNN-FEM

Figure 29 presents the derivative of the displacement for
the 1D problem by using the h-adaptivity and rh-adaptivity,
respectively, through the proposed HiDeNN-FEM.

The following observations are made based on the results:

e h-adaptivity in HIDeNN-FEM is achieved by adding neu-
rons based on the nodal movement computed by the
gradients of the loss function with respect to the nodal
positions. For instance, if two neighbor nodes are moved
close to each other, which implies that more degree
of freedoms should be used between these two nodes,
HiDeNN-FEM will add more neurons in this region
and vice versa. Along with the movement of the nodes,
another criterion is the gradient of the movement. We
only add neurons to the region with the fastest moving
nodes.

e h-adaptivity in HIDeNN-FEM is able to capture the large
gradients of the displacement and achieve better per-
formance for the prediction of the displacement and its
derivatives.

e Coupled with the r-HiDeNN-FEM procedure, the rh-
HiDeNN-FEM is able to achieve even better results for
the displacements and the sharp peaks of the derivatives.

Based on these observations, it can be concluded that the
rh-adaptivity in the HiDeNN-FEM is accomplished by a
learning process, in which increased resolution is obtained
in the regions of large derivatives by adding nodes and mov-
ing nodes based on the training of the neurons. This leads
to an intelligent discretization strategy without prior human
knowledge.

4.4 2D example for capturing stress concentration
In this example, we will use the HiDeNN to solve a 2D prob-

lem with stress concentration by training the position of the
nodes. Figure 23 presents a 2D bi-linear HiDeNN element
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Fig.30 Model and converged
I 8 2.0

results of beam with three holes. %

a Model of the beam with three
holes; values inside the
parentheses denote the
coordinates of the center and R
is radius, b mesh of the
converged results by Abaqus, ¢
stress distribution after the

convergence of the maximum [0;0]

@ [0.5,0.7], R=0.12
F=10°N @ [1.0,0.3],R=0.15

(3 [1.4,06],R=0.1

stress from Abaqus; d 40 x 20
uniform mesh; e 60 x 30
uniform mesh; f 80 x 40
uniform mesh

(b)

constructed by using the proposed building blocks. As illus-
trated in the figure, the inputs of the HiDeNN element are
the nodal coordinates, (x, y), while the outputs are the nodal
displacements, w, and wy. During the training, the nodal
coordinates x7, y7 are updated iteratively in order to obtain
optimal solution accuracy.

In order to show how the HiDeNN trains nodal positions
to intelligently capture the stress concentrations, an elastic
tensile bar with three initial holes (refer to Fig. 30) under
simple tensile loading is solved with plane stress condition.
The dimension of the bar is 2 m by 1 m. The left side of the
bar is fixed while a uniform loading of 100 kN is applied
to the right side along the +x-direction. Young’s modulus,
E, of the bar’s material is 10 GPa, and Poisson’s ratio, v, is
0.3. The coordinates of the centers and the radii of the three
holes are given in Fig. 30a. For comparison, a convergence
study for the maximum local stress is conducted in Abaqus
[32] and taken as the reference to examine the performance
of the HiDeNN. The conforming mesh and corresponding
stress solution from Abaqus are provided in Fig. 30b, c. The
maximum local stress of the beam converges to 0.456 MPa
for 37928 elements. As illustrated in the figure, the maximum
local stress occurs near the bottom surface of the largest hole.
In order to capture the stress peak, extremely fine mesh is
required at this region when using the standard FEM (refer
to Fig. 30b).

For one-to-one comparison between the FEM and HiDeNN
solutions, the domain of the bar is discretized with uniform
quadrilateral elements. Three uniform meshes of 40 x 20,
60 x 30, and 80 x 40 are used (see Fig. 30d—f). Both HiDeNN
and FEM are performed on these three meshes and compared
against the conforming mesh solution.
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The computed maximal stresses from FEM and HiDeNN,
and their difference from the converged, conforming mesh
solution are tabulated in Table 5. For FEM, although increas-
ing the number of elements increases the maximum stress,
the predicted value is still too low compared with the predic-
tion from conforming mesh (33.99%, 27.85%, and 17.54%
for three cases). On the other hand, the results obtained by
HiDeNN show much better accuracy through learning the
optimal nodal positions. As shown in Fig. 31, HiDeNN
moves the nodes during training to the regions with stress
concentrations. Even with the coarsest discretization, 40 x 20,
and quadrilateral elements, HiDeNN is able to capture the
maximum stress with less than a 2.5% difference from the
converged value. For discretization of 60 x 30, 80 x 40,
and 100 x 50, the differences are further reduced to 1.97%,
1.53%, and 0.88% respectively. The calculation time is
affordable with an accuracy below 1%. The excellent per-
formance of HiDeNN with pixel-like coarse discretization
demonstrates the great potential of the HiDeNN of bypass-
ing computationally expensive conformal mesh generation
for image-based analysis. In concept, this is similar to iso-
geometric analysis (IGA), in that the difficulty of mesh
generation is mitigated.

4.5 Outlook of HiDeNN

In this subsection, the general framework of HiDeNN is
provided to show the flexibility and potential of this devel-
oped methodology for problems ranging from pure data
analysis and semi-data investigation to the governing equa-
tion surrogate modeling. As mentioned in the introduction,
the universal approximation achieved by deep learning has
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Table 5 Summary of difference in maximum von Mises stress between the HiDeNN 2D solutions (uniform mesh) and conforming mesh solution

from FEM

Type of analysis Number of elements Degrees of freedom opot, MPa Difference Computational time (s)
Conformal mesh 37928 0.456 -

Uniform mesh 800 (40 x 20) 1722 0.301 33.99% -
HiDeNN 2D 800 (40 x 20) 3444 0.446 2.19% 10.93
Uniform mesh 1800 (60 x 30) 3782 0.329 27.85% -
HiDeNN 2D 1800 (60 x 30) 7564 0.447 1.97% 24.87
Uniform mesh 3200 (80 x 40) 6642 0.376 17.54% -
HiDeNN 2D 3200 (80 x 40) 13284 0.449 1.53% 4528
Uniform mesh 5000 (100 x 50) 10302 0.419 8.11% -
HiDeNN 2D 5000 (100 x 50) 20604 0.453 0.88% 90.44

Bold indicates the important values

Adaptive
mesh

40 x 20

(b)

60 x 30 100 x 50

(c) (@)

Fig. 31 Comparison between the conformal mesh and the HiDeNN
discretization for stress concentration regions after learning the nodal
positions. a Conformal mesh at the maximum stress regions; b HIDeNN
discretization for 40 x 20; ¢ HiDeNN discretization for 60 x 30; d
HiDeNN discretization for 100 x 50

brought increasing attention to the ability of such methods to
solve partial differential equations. The well-known methods
in the literature include, but are not limited to, physics-
informed neural network (PINN), the deep Ritz methods [33],
deep Galerkin method(DGM) [16], etc. The general form of
these methods can be described by Fig. 32. The input layer
is the coordinates of the collocation points in the domain
2 and the time ¢, while the output is the solution of PDEs.
The input layer and the solution layer are related by several
layers of fully-connected neural networks. After the solu-
tion layer, several operators are used to calculate the loss
function, where I is the identity matrix, and 9 is the partial
differential operator. The solutions are obtained by minimiz-
ing the residual of the governing equations and optimizing
the weights and biases of the feed forward DNNs. The loss

function is defined as the square summation of the residual
of the governing equations and the boundary conditions.

The general HiDeNN framework is depicted in Fig. 33,
including an input layer, a pre-processing layer, a customized
DNN layer, a solution layer, and an operation layer. In
HiDeNN, instead of being limited to the spatial and time
space, the input is further extended to include a parame-
ter space, expressed as 2 x t x D, refer to Fig. 33. This
parameter space D is used to formulate parameters of the
physical systems, except for the scattered points and time.
For instance, the parameters used in the formulation of the
heat source model in additive manufacturing can be involved
in the input vector for solving the temperature field of the
printing process. The geometric constraint in optimization or
the material properties related to spatial distribution can also
be contained in the parametric space. After the input layer, a
layer of pre-processing functions, f;(x,t, p), is introduced
to functionalize the input layer before sending it to the DNNs.
The functionality of these functions is problem dependent.
For instance, it can be used to transform the input variables
into non-dimensional vectors for the training or perform a
type of model order reduction for the input layer. During the
training, these functions can be fixed or relaxed for training,
depending on the specific problem.

Once the input is transformed or reformulated, it is taken
as the input for the customized DNNs, and the solution is
obtained by training the independent variables (i.e. nodal
positions in this work when HiDeNN is degeneralized to
HiDeNN-FEM). The DNNs are constructed in a hierarchi-
cal manner in which the response of each neuron can also
be controlled by a sub-DNN. The depth of the hierarchy is
determined by the investigated problem. In addition to being
related to its upper network and communicating with other
sub-DNNs, each sub-DNN can also connect with the output
layer as part of the solution. The multiscale modeling of the
DNN can be built upon this hierarchical manner and will be
discussed in further work.
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Fig.32 Physical informed-deep
learning methods for solving the
partial differential equations
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Fig.33 A general framework of Hierarchical Deep-learning Neural Network (HiDeNN)
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After the output of the solution layer, operation layers are
introduced in order to accomplish scaling law or governing
equation discovery in the training. For pure data analysis,
the operation layers consist of representative functions (i.e.,
polynomials, splines, exponential functions, etc.), and the
training is centered around finding the underlying law or
patterns in the data sets. Functions 6;(j = 1, ...w) are used
to represent the potential functions for the discovery. When
partial data and partial governing equation or scaling law
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is available, the operation layers are used to determine the
coefficients of the governing equations and the potential rela-
tionships between the data sets and the proposed model. If
the full model and the boundary conditions of the problem
are available, the operation layers are used to construct the
governing equations or the law, and the training process is
performed as the surrogate modeling for real time prediction.

To illustrate the flexibility of the proposed HiDeNN frame-
work, a HiDeNN based topology optimization is developed
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to show a degeneralization of the HiDeNN. The degener-
ated HiDeNN for topology optimization (HiDeNN-TO in
short) is illustrated in Fig. 34. Following the Solid Isotropic
Material with Penalization method (SIMP) [34], p; repre-
sents the maximum allowable material density at a node,
p> represents the minimum allowable material density at a
node, and p3 defines the total volume allowed in the final
design. Using the pre-processing layer, three design con-
straints (f1(x, p) : p((X)) =< Pmax> [2(X, P) : Pmin =
p((x)), and f3(x, p) : fQ p(x)d2 = V) are integrated into
the structured DNN (denoted by dashed arrows). The gov-
erning equation, density filter, as well as objective function
for the problem of interests are formulated by the operation
layers. For example, the functions 6; (u, p) are used to for-
mulate the filter, the differential operators are used for the
governing equation and the integral operators e used for the
objective function. The relationship among these operators
can be easily formulated for problem of interests in topology
optimization and will be proved in our next work.

5 Conclusions

In this work, a deep learning based numerical discretiza-
tion scheme, the hierarchical deep learning neural network
for finite element method (HiDeNN-FEM), is proposed to
solve the partial differential equation. In the HiDeNN-FEM,
the shape functions, widely used in standard FEM, are con-
structed by a structured deep neural network, and by training
the DNN, HiDeNN-FEM can solve the partial differential
equations. The weights and biases in the DNN are functions
of input nodal coordinates, and thus, the training process in
HiDeNN-FEM includes the optimization of the nodal posi-
tions. This is the spirit of the r-adaptivity, and it increases both
the local and global accuracy of the interpolants. By fixing the
number of hidden layers, the rh-adaptivity can be achieved
by increasing the number of neurons through a predefined
criterion. The additional nodes can thus be inserted by the
training process, and the accuracy will be further improved.
Numerical examples are performed using the HIDeNN-FEM
for 1D and 2D linear elasticity problems. The convergence
rate of the HiIDeNN-FEM and standard FEM is studied, and
the improved accuracy of the HiDeNN-FEM is apparent.
This is due to the fact that nodes tend to move toward the
peaks of the derivative of the solution for capturing the stress
concentration at the largest derivative to the displacement. rh-
adaptivity allows intelligent node insertion and movement,
leading to better solution accuracy for the partial differen-
tial equations. Note that there is no manual control over the
learning process, as the HiDeNN-FEM can understand the
problem through training.

The generalization of the HiDeNN is obtained by intro-
ducing three elementary building blocks to construct hier-

archical neural networks. The building blocks are linear
functions, multiplication and inversion. By using these
building blocks, the rational functions containing Lagrange
polynomials, NURBS, IGA, and RKPM are constructed in
a hierarchical manner by the simple interpolation functions.
Furthermore, the enrichment function in the HiDeNN-FEM
is achieved by the multiplication of neurons, which is equiv-
alent to the generalized, extended, and partition of unity
FEM. Leveraging the universal approximation capability of
DNNs, the assembled hierarchical neural network can be
trained to identify an optimal interpolation function to be
used in the calculation process. This work is a concept proof
and will be extended to learn multi-dimensional polynomials
and arbitrary functions, space-time modeling, reduced order
modeling, as well as topology optimization by constructing
parameterized sub-DNNs in the future. In short, the HIDeNN
will serve as a unification of various numerical methods that
have broad application potential as illustrated in the outlook
section.
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